When trading, investors make decisions based on not only the security and market variances but also the technical price range.
Introduction
Volatility plays a very important role in finance, not only in asset pricing, portfolio choice but also in risk management. Estimating and modeling the volatility of speculative asset prices have always been a central theme in the literature of financial economics and econometrics. As a measure of risk, volatility modeling is important to researchers who are trying to understand the nature of the dynamics of volatilities. It is also of fundamental importance to policy makers and regulators as it is closely related to the functioning and the stability of financial markets, which has direct links to the functioning and fluctuations of the real economy. Engle (1982) developed the ARCH model and used it to estimate the means and variances of the inflation in the U. K. Bollerslev (1986) generalized the ARCH model and developed the GARCH model, which is widely used in financial engineering. As the ARCH and GARCH failed to capture the asymmetric volatility, Nelson (1989) proposed the E-GARCH model. Of course, there are many other ARCH-like models, such as the NGARCH model by Engle and Ng (1993) , the TGARCH model by Zakoian (1994) . For a critical review with a through survey of the ARCH literature, see Bollerslev, Chou, and Kroner (1992) .
Despite the success of ARCH-family models in capturing and predicting the volatility, there are some drawbacks. Alizadeh, Brandt, and Diebold (2002), Brandt and Diebold (2006) , and Chou (2005) pointed out the inaccuracy and inefficiency of ARCH-family models, because they are totally based on the closing prices of the reference period, completely ignoring the information contents inside the reference. For example, in turbulent trading days with drops and recoveries of the markets, the traditional volatility based on closing prices indicates low efficiency.
An alternative volatility proxy is price range, which in most academic literature is defined as the difference between the log highest and log lowest prices. Price range is widely investigated ever since it was first proposed by Parkinson (1980) , as it is supposed to correctly show the high volatility. In this paper, the price range adopted by Parkinson is denoted as R p,t :
Academic literature on the range-based volatility estimator dates back to the early 1980s. 2 Based on the assumption that the asset price follows a Geometric Brownian Motion (henceforth GBM) without drift, Parkinson (1980) proposed the following volatility estimator:
Instead of using only two point data, Garman and Klass (1980) incorporated the highest, lowest, opening and closing prices into their estimator. With the same assumption, Garman and Klass suggested the following estimator:
In reality, it is not practical to assume no drift in financial data. In this case, neither the Parkinson nor the Garman-Klass estimators is an efficient estimator.
Rogers and Satchell (1991) and Rogers, Satchell, and Yoon (1994) proposed an alternative estimator which is drift-independent, incorporating the drift term information into the highest, lowest, opening and closing prices. Their estimator is much more complex, and can be written:
When applied to the real data, all these three estimators are downward biased. A correction therapy was proposed by Yang and Zhang (2000) . Though elegant in form and efficient in theory, those volatility estimators suffer from their underpinnings: Geometric Brownian Motion (GBM) with or without drift.Whether or not the asset prices follow GBM is still in dispute, theoretical results based on such assumptions might be great dangers in practical applications.
When trading, investors make decisions based on not only the variances but the technical range as well. Technical range is well known in Japanese candlestick charting techniques and other technical indicators, see Nison (1991) . Since the technical range is widely adopted in practical trading, and commonly used as a candidate risk measurement, and no academic literature, to our knowledge, is devoted to its statistical properties, therefore, a thorough investigation of it is quite necessary. It can be supposed that better understandings of technical range would provide good guidance for investment, risk management. In this paper, we investigate the properties of technical range for the first time, and some interesting properties are discovered. This paper is organized as follows. In Section 2, the definition of technical range volatility is presented. The empirical statistical properties and dynamic structure of technical range volatility are examined in Section 3. In Section 4, Empirical examples using the CAC40, DAX, FTSE, HS, NIKKEI225, S&P500, and STI data to estimate the model are presented, out-of-sample forecasts and performance-evaluation are also performed. Section 5 concludes with considerations on further investigation.
Defining Technical Range Volatility
Different from definition of R p,t , price range in technical analysis is defined as the difference between two extreme values: the highest and the lowest prices without taking logrithm over a fixed sampling interval.To avoid confusion, in the following passage, the price range in technical sense is denoted as R t :
The technical range R t gauges the range of the price trace, the larger is the R t , the more volatile is the price change,or in other words, large R t means large volatility and great risk. For investors, one of the main questions concerned is how volatile is price change tomorrow. Is it smaller than, equal to, or larger than today's price change? Is the price change of tomorrow predictable based on historical information?
For the first question, an intuitive answer is the technical range volatility:
where T RV t is the technical range volatility.
The meaning of (6) is obvious. If T RV t = 0, one get the same price change between two consecutive time periods; if T RV t > 0, the price change on time t is larger, otherwise, the price change on time t is smaller.
For the second question, the best answer is to investigate the dynamics of the technical range volatility.
The first model that provides a systematic framework for return volatility modeling is the ARCH model of Engle (1982) , which is now employed in financial engineering, broadly and successfully. The basic idea of the ARCH models is based on two facts commonly observed in financial markets: 1. the shock a t of an asset return is serially uncorrelated, but depedent; 2. the dependence of a t can be described by a simple quadratic function of its lagged values. Specifically, an ARCH(m) model assumes that
where ε t is a sequence of independent and indentically distributed random variables with zero mean and variance 1, α 0 > 0, and α i ≥0. The popularity of ARCH models lies in that they root in commonly-observed facts.
A natural way for uncovering the commonly-observed facts is to investigate broadly, which is just how the following passage is establised.
Uncovering the Facts
The rule that let the data themselves tell the story is well accepted in financial studies. In this section, a broad investigation of different index data will be presented.
Data Collection
We collect the daily data of the Standard and Poors 500 (S&P500), the the Financial Times and the London Stock Exchange 100 (FTSE100), the Deutscher Aktienindex (DAX), the Cotation Assiste en Continu 40 (CAC40), the Nikkei heikin kabuka (NIKKEI225), the Hang Seng Index (HS), and the Singapore Strait Times Index (STI) for the sample period from January 3, 2000 to July 31, 2009
3 . For each day, four pieces of the price information, opening, closing, highest and lowest, are reported. The data set is also available from the website "www. finance.yahoo.com".
Descriptive Statistics
It is well acknowlegdged that the descriptive statistics of return volatility 4 based on closing prices are skewed, heavily-tailed and far from Gaussian distribution. It might be interesting to take a look at the descriptive statistics of the technical range volatility.
In this subsection, the descriptive statistics of both the technical range volatility and the return volatility are investiaged, and the results are presented in Table 1 .
The kurtosis of the return volatility are far away from 3, with the lowest one equal to 7.110849 and the highest 10.77273, demonstrating strong evidence of being heavy tail. The Jarque-Bera Statistics of the return volatility indicate no evidence of Gaussian distribution at a significance level of 1%.
For the technical range volatility, the kurtosis are close 3, with highest equal to 2.953310, and the lowest 2.614063, indicating evidence of Gaussian distribution. The Jarque-Bera Statistics of the technical range volatility suggest some evidence of Guassian distribution. The hypothesis of Gaussian distribution can not be rejected at a significance level of 5% for the CAC40, DAX, FTSE100, and STI. For the other 3 index range volatility, the Jarque-Bera Statistics manifest that they can be better approximated by Gaussian distribution compared with the return volatility.
The Q-Q plots of each index are presented in Figure 1 , 2, and the results are consistent with the descriptive statistics in Table 1 . The left panel in Figure  1 and 2 are the Q-Q plots of technical range volatility versus standard normal distribution, and the right panel in Figure 1 and 2 are the Q-Q plots of return volatility versus standard normal distribution.
[Insert Figure 1 , 2 about here]
Dynamic Structure of T RV t
Time series analysis, despite its great success in engineering, physical and social sciences, the ARMA model is rarely employed to describe the dynamic structures of the financial markets. A large amount of literature has demonstrated that based on the closing prices the stock returns are highly linearly uncorrelated, and thus not linearly predicable.
In this subsection, the dynamic structure of T RV t is explored. Following the routine steps of modeling the linear time series, we first plot in Figure 3 the (T RV t ) series for each index, and the sample autocorrelation functions (ACFs) and the sample partial autocorrelation functions (PACFs) of each index are Figure 4 , and 5. Plot in the left panel is the ACFs and the PACFs in the right panel. Surprisingly, unlike the technical range volatility the plots in Figure 3 indicates little evidence of being clustering, and appear to be quite stationary with no hints of evident heteroscedasticity.
The most surprising thing is that the all these plots in Figure 4 ,and 5 strongly demonstrate that T RV t can be described by a moving average model of order q (MA(q)), as the ACFs is cut off after one lag and the PACFs decays at an exponential rate. For modeling details, Hamilton [17] wrote an excellent book on time series modeling. A moving average model of order q has the following form:
where ε t is the disturbance term, which is an independently, and identically distributed series, or an i.i.d series for short. Based on closing prices, it have been long observed that the asset rate is uncorrelated, but dependent, and the dependence can be well captured by ARCHlike models. Based on technical range volatility, it is observed that this risk measurement has the following common facts:
It follows the Gaussian distribution approximatedly; 2. It can be described by a moving average model of order q, MA(q).
[Insert Figure 3 
Forecasting Technical Range Volatility Using CAC40, DAX, FTSE, HS, NIKKEI225, S&P500, and STI
In Section 3, it has been illustrated that the technical range volatility can be captured by a moving average model of order q. In this section, model estimation, out-of-sample predictation, and model evaluation will be performed to test how well the TRV-MA model can describe the behavior of the technical range volatility. 
Model Estimation
Following the routines of linear time series modeling, the unit root test hypothesis is performed on each index technical range volatility. In this paper, the Augmented Dickey-Fuller (ADF) tests without trend are adopted, and the testing results are reported in Table 2 . All these results in Table 2 reject the unit root hypothesis at a significance level of 1%, confirming that the technical range volatility can be treated as an weakly-stationary process.
[Insert Table 2 about here]
In this paper, EViews6 is employed to help estimate the coefficients, and the results are reported in Table 3 . All the coefficients estimated except for the constant term C are statistically significant at a significance level of 5%, and the adjusted R 2 s indicate that the TRV-MA model fit the data series fairly good. The residual tests for each index series are performed, and the results are presented in Table 4 .
6 It is easy to tell from the results in Table 4 that the linear correlation hypothesis of residuals can be rejected at a significance level of 5%,and that the is weak linear correlation of residuals-squared at a significance level of 5%, indicating that there is little evidence of heteroscedasticity, and clustering. Also, it can be observed from the Jarque-Bera Statistics that it is reasonable to assume normal distribution for the disturbance term.
[Insert 
Out-of-Sample Prediction and Evaluation
A volatility model must be able to forecast the volatility well; this is the central requirement in almost all financial applications (Engle, 2001 ). Based on the above results and (9), the out-of-sample forecasts are performed to test the predicting ability of TRV-MA(q) model. Based on the models estimated in Subsection 4.1, A one-step-forward rolling forecast with a horizon of 100 is made on each index data, and the forecasting results are plotted in Figure 6 , and 7.
[Insert Figure 6 , and 7 about here
We have demonstrated in the introduction that if T RV t > 0, then ln(R t ) > ln(R t−1 ), indicating price range on date t is more volatile than that on date t-1; if T RV t > 0, then ln(R t ) < ln(R t−1 ), indicating price range on date t is less volatile than that on date t-1; otherwise, ln(R t ) = ln(R t−1 ). We denote the predicted value of T RV t > 0 base on information set I t−1 asT RV t . If T RV t andT RV t have the same sign, they get the same ups and downs. Based on the meaning of the T RV t , a simple but direct way to evaluate the model predictability is to calculate the number of right ups and downs. Denote the number of right ups and downs as S, and the number of wrong ups and downs as F, the ratio of S to F can be used as a criteria for model predictability evaluation.
where R s,f is the ratio. The smaller is the R s,f , the poorer is the performance of a model: R s,f = 0, no predictability at all; R s,f = ∞, full predictability. In this paper, the R s,f is used to evaluate the TRV-MA model performance.
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The R s,f values for each index technical range volatility are reported in Table  5 .
According to the results in Table 5 , the TRV-MA model does provide very sharp predictability about range ups and downs. 1) Technical range volatility can be better approximated by Gaussian distribution than return volatility can;
2) The dynamic behavior of technical range volatility is governed by moving average model. Applications of TRV-MA model to other frequency of range intervals, say, every hour, every week, or every month will provide further understandings of the performance of the range model. Analysis using other asset prices, e.g., currency, fixed-income securities, and derivative assets, will also be useful in improving our understandings of the turbulence of the financial markets. Finally, we would like to point out an interesting problems which need further studies: Why the coefficients β 1 are always negatively-valued? Can it be explained by neoclassical finance theory, or should we resort to the behavioral finance? A thorough investigation of the technical range volatility would provide better understandings of the market efficiency, and would provide better guidance for investment and risk measurement. 
